Objectives: Exposure-outcome studies, for instance on work-related low-back pain (LBP), often classify workers into groups for which exposures are estimated from measurements on a sample of workers within or outside the specific study. The present study investigated the influence on bias and power in exposureoutcome associations of the sizes of the total study population and the sample used to estimate exposures. Methods: At baseline, lifting, trunk flexion, and trunk rotation were observed for 371 of 1131 workers allocated to 19 a-priori defined occupational groups. LBP (dichotomous) was reported by all workers during 3 years of follow-up. All three exposures were associated with LBP in this parent study (P < 0.01). All 21 combinations of n = 10, 20, 30 workers per group with an outcome, and k = 1, 2, 3, 5, 10, 15, 20 workers actually being observed were investigated using bootstrapping, repeating each combination 10 000 times. Odds ratios (OR) with P values were determined for each of these virtual studies. Average OR and statistical power (P < 0.05 and P < 0.01) was determined from the bootstrap distributions at each (n, k) combination. Results: For lifting and flexed trunk, studies including n ≥ 20 workers, with k ≥ 5 observed, led to an almost unbiased OR and a power >0.80 (P level = 0.05). A similar performance required n ≥ 30 workers for rotated trunk. Small numbers of observed workers (k) resulted in biased OR, while power was, in general, more sensitive to the total number of workers (n).
. A theoretical framework has been developed for assessing bias and precision of exposure-outcome studies using linear regression (Reeves et al., 1998; Tielemans et al., 1998) . Linear exposure-outcome relationships were shown to be essentially unbiased with group-based exposures, while individual-based models, where each individual is assigned his/her own exposure under a classical error structure, lead to attenuated slopes unless each individual is measured extensively. This advantage of the group-based strategy comes, however, at the price of an increased uncertainty of the regression coefficient and thus reduced power, i.e. reduced ability of a study design to detect a true effect of exposure on outcome (Armstrong, 1998; Tielemans et al., 1998) . Therefore, to avoid both bias and lack of power, hybrid strategies attempting to combine the advantages of individual-and group-based strategies have been proposed (Seixas and Sheppard, 1996; Peretz et al., 2005) .
However, these general results do not readily apply to studies using logistic or log-linear regression, in which case bias is still an issue with group-based exposure assessment (Reeves et al., 1998; Steenland et al., 2000; Kim et al., 2012) . Furthermore, the results are mainly relevant to studies where personal exposure information is available from all participants, and not only from a subsample, as is the case in the studies of LBP cited above (Hoogendoorn et al., 2000; Svendsen et al., 2004; Burdorf and Jansen, 2006) . Thus, the properties of the highly relevant case of using a group-based strategy with exposure data obtained from a limited population sample in a logistic regression of exposure versus outcome is not well understood. Jansen and Burdorf (2003) showed in a study of LBP in a-priori defined occupational groups that odds ratios (ORs) were greatly dependent on whether exposures were assigned using an individual-or group-based approach, and even that the result was sensitive to whether all subjects or only a subsample were included in the group-based exposure estimate. In a recent theoretical study complemented by simulations using hypothetical data, Kim et al. (2011) confirmed that group-based strategies can, indeed, lead to bias in logistic regression, and that the magnitude of this bias depends on the overall size of the study, the number of workers on whom exposure estimates are based, and the exposure variance within and between groups. However, this study did not address the extent to which the OR estimate and the statistical power of the study design would be affected by the total study size, i.e. the number of subjects from whom outcome data are available, and the number of subjects involved in exposure measurements. Furthermore, empirical data to explore the practical importance of these possible effects were not reported. Therefore, the present study was designed to determine-on the basis of a large empirical data set on low-back exposures and pain-the influence of the number of subjects from whom outcome data are obtained, and of the size of the sample of workers on whom exposure is actually measured, on bias and power of logistic exposureoutcome associations, using a group-based exposure assessment strategy.
st udy PoP ul AtIon A nd M ethods

Population
The present study is based on data from the Study on Musculoskeletal disorders, Absenteeism, and Health. As described in detail previously (Hoogendoorn et al., 2000; Coenen et al., 2013) , this prospective cohort study recruited workers from 34 companies in the Netherlands. At baseline, 1989 of 2048 invited workers agreed to participate, and questionnaire data on personal factors and work characteristics were obtained from 1802 (91%) of them. These eligible workers were classified by experts into 23 groups, based on their expected physical work load. Within each group, work was recorded on video from a random sample of roughly one-fourth of the workers. After a 3-year follow-up period, data on LBP were collected in the study population. At that point, 1131 (N) workers belonged to groups containing >5 observed workers; i.e. to 19 of the original 23 groups (Table 1) . Information on LBP status was available for all of these 1131 workers, and for a total of 371 (K) workers video-based exposure observations were also available; this formed the parent dataset for the present study. Descriptive statistics of the eligible population as well as the parent data set are provided in Table 1 .
Exposure and outcome for the parent dataset For each of the 371 workers recorded on video, four recordings were obtained at randomly chosen times during the course of a single work day. Recordings lasted 5-15 min each, depending on the variability of the worker's tasks. Recordings were analyzed post-hoc using a structured protocol for assessing three physical exposures, which were shown to be significantly associated with LBP in the same population (Hoogendoorn et al., 2000) ; i.e. the number of lifts during an 8-h work week, the percentage of working time with the trunk flexed (defined as >30° trunk flexion), and the percentage of working time with the trunk rotated (defined as >30° trunk rotation).
Exposure variances between occupational groups and between workers within groups (pooled estimate) were determined from the entire dataset using a standard two-way nested analysis of variance (ANOVA) model (Searle et al., 1992; , including random effects of group, worker within group, and measurement within worker (based on the four measurement occasions). On the basis of these variance components, the effectiveness of the group classification to generate groups with sufficient between-group variability relative to the residual within-group variability was assessed for each of the three exposures using a contrast metric:
in which MSE BG is the mean squared error between groups (estimated as the between-group variance multiplied by 18/19), and s
is the variance between workers within groups (Kromhout and Heederik, 1995; Mathiassen et al., 2005) . Between-and withinworker variance components were also determined for each of the 19 occupational groups separately using standard one-way random ANOVA models (e.g. Searle et al., 1992; Loomis and Kromhout, 2004) . Pairwise correlations between the three exposures (lifting versus flexion, lifting versus rotation, and flexion versus rotation) were assessed by Pearson's correlation coefficients calculated across the 371 subjects with measured exposures. 
Body weight, kg (SD) 75.8 (13.0) 75.8 (12.9) 75.9 (13.4)
Working time, hours per week (SD) 9.7 (7.8) 9.6 (7.6) 9.6 (7.7)
Employment time,
38.2 (7.8)
38
.1 (7.6) 37.9 (7.7) Table 1 .
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In the upper panel, the total number of workers (N) and the number of workers observed (K) are shown for each group, together with LBP prevalence in percent among all workers (with 95% CI). For each group, mean exposures and standard deviations (between and within workers,
and s WS(g) , respectively) are shown for the three investigated physical exposures: number of lifts at work per week, percent time spent with the trunk flexed >30°, and percent time spent with the trunk rotated >30°. Also, pooled LBP prevalence and standard deviation (between and within groups) are shown. In the lower part of the table, pooled descriptive statistics (gender, length, weight, age, working hours per week, years of employment at the current job, and proportion of workers with LBP at baseline) are shown for the entire group of workers in the parent dataset of this study (N), the group of observed workers (K), as well as the group of workers that were eligible for this study Self-reported LBP was assessed for all 1131 workers once a year for 3 years after the baseline measurement using a Dutch version of the Nordic Questionnaire (Kuorinka et al., 1987) . A case of LBP was registered when a worker reported regular or prolonged LBP during at least one of the 3 years of follow-up, regardless of baseline status.
For each exposure variable, the mean exposure of the observed workers in each of the 19 groups was assigned to all workers classified into that group. Logistic regression analyses were then performed using these exposures as continuous independent variables (in which the number of lifts was divided by 100 and percentages of time in flexed or rotated postures were divided by 10) and LBP as the dichotomous dependent variable. Results showed the number of lifts [per 100 lifts; OR: 1.06, 95% confidence interval (CI): 1.03-1.09, P < 0.01], the time working with the trunk flexed [per 10%; OR: 1.31 (95% CI: 1.12-1.52), P < 0.01], and the time working with the trunk rotated [per 10%; OR: 1.43 (95% CI: 1.06-1.93), P < 0.01], all to be significantly associated with LBP in the parent dataset. Previous studies on the same population found ORs of 1.72 (95% CI: 1.16-2.57), 1.57 (95% CI: 1.06-2.32), and 1.79 (95% CI: 1.22-2.63) for lifting, trunk flexion, and trunk rotation, respectively. In that study, exposure was, however, classified into categories (Hoogendoorn et al., 2000) . We chose to instead analyze exposure as a continuous variable (Loomis, 2012) , and express ORs as estimated risks per unit of the three exposure variables (i.e. per 100 lifts, per 10% time trunk flexion, and per 10% time trunk rotation, respectively). Therefore, our results are difficult to compare to the previous analyses of the same material, even though they are consistent with those analyses. Correlation coefficients of 0.34, 0.09, and 0.09 were found for lifting versus flexion, lifting versus rotation, and flexion versus rotation, respectively.
Simulated sampling strategies
For all 21 possible combinations of n = 10, 20, 30 workers in total per group and k = 1, 2, 3, 5, 10, 15, 20 workers being observed, exposure-outcome associations were assessed using a non-parametric bootstrap simulation procedure (Efron and Tibshirani, 1986; Davison and Hinkley, 1997) . Bootstrapping is an attractive alternative for examining exposure assessment strategies in cases where analytical procedures are either not available or rely on assumptions that are suspected to be violated (Burdorf and van Riel, 1996; Hoozemans et al., 2001; Paquet et al., 2005; Liv et al., 2011; Mathiassen and Paquet, 2010) . Within each group of the parent dataset, workers were identified as 'observed' (K, Table 1 ) and 'non-observed' (N-K, Table 1 ) depending on whether exposure data were available or not. For each combination of n and k, n workers in each group were drawn with replacement from all workers (N, i.e. observed and non-observed workers combined) and k workers were drawn with replacement from the group of observed workers (K) in the same group. This led to a virtual study including n workers for whom outcome data were available, and k observed workers in each group providing exposure data. The random selection of n and k in two separate processes implies that the k virtual workers providing exposure data within each particular group are not necessarily a subsample of those n virtual workers in the group from whom outcome data are obtained. The selection process also allows for k being larger than n; for instance k = 20 workers per group may provide exposure data in a virtual study including only n = 10 workers with outcome data in each group. Thus, our simulation includes both the common scenario of k being a subsample of the n workers in the outcome population, and scenarios where exposure data are obtained, e.g. from previous exposure assessment studies in the study population. For each virtual study, the three mean exposures (number of lifts, trunk flexion, and trunk rotation) of the k observed workers within each group were assigned to all n workers in that particular group, while the individual LBP status was used as the outcome for each of the n workers. For each virtual study constructed this way, the ORs (with P levels) for the three associations between each of the exposure variables and LBP were assessed using logistic regression analysis as explained above for the parent dataset, in addition to basic descriptive statistics on exposures and outcomes in the 19 occupational groups. For each of the 21 possible combinations of n and k, 10 000 virtual studies were constructed using this procedure. Four summary performance measures for each investigated exposure assessment strategy were obtained from the 10 000 virtual study results, i.e. 
2) the standard deviation across the 10 000 studies of LBP prevalence across all 19 groups 3) the mean OR across the 10 000 studies 4) the power of each exposure assessment strategy to detect a significant OR at levels P < 0.05 and P < 0.01, i.e. the proportions of the 10 000 studies resulting in a significant OR:
Equation 3:
In which p i is the p level of each of the 10 000 virtual studies and p is set at 0.05 and 0.01 in the two analyses of power at these levels of significance. All calculations were performed using customary scripts in Matlab (MATLAB 7.7.0; The MathWorks Inc., Natick, MA, USA, 2000). Logistic regression analyses were performed using the Matlab statistical toolbox.
r e sults
Exposure contrasts between groups were 0.61, 0.70, and 0.19 for the number of lifts, time in flexed trunk posture, and time in rotated trunk posture, respectively. While groups did, indeed, differ in mean exposure (Table 1) , some were very heterogeneous in terms of workers differing substantially in exposure (large s BS(g) , including an unknown contribution from between-days variability within subjects). Besides, some of the groups even showed considerable exposure variability within days for individual workers (large s WS(g) ).
As expected, for all three exposure variables, the pooled standard deviation of the group mean exposure decreased as the number of workers, k, for which exposure was actually observed increased (Fig. 1) . This effect did not depend on the total number of workers, n, per group. Equally trivial, the standard deviation of the prevalence of LBP in the study population decreased when the total number of workers, n, included in each group increased (Fig. 2) . This effect did not depend on k.
The OR for the association between exposure and LBP increased with larger k at all values of n (Fig. 3) , and it was affected only little by n, i.e. the total number of workers in each group, all reporting their LBP status. Fig. 4 shows that power increased with both n and k. In general, the effect of the total number of workers, n, on power was stronger than that of the number of observed workers, k. However, the magnitude of these effects differed between risk factors. For the number of lifts, a power of 0.80 to detect a significant OR (P < 0.05) was obtained when at least n = 20 workers were included per group, and the number of actually observed workers in each group (k) was at least 5. For time with flexed trunk and time working with the trunk rotated, the required number of observed workers at n = 20 differed (being ~7 and 14, respectively). At a more strict level of significance (P < 0.01), a power of 0.80 was obtained only when the population included at least n = 30 workers per group for lifts and flexed trunk. The required number of observed workers at this study size was larger for flexed trunk (~8) than for lifts (~2). For time working in a trunk rotated posture, a power of 0.80 at P < 0.01 was not obtained with any of the simulated study designs.
dIscuss Ion
The present study dealt with a common exposure assessment strategy in epidemiology: measuring exposure to risk factors in one population of workers and use the resulting data as an exposure estimate for workers within the same occupational group. In the typical case addressed in the present study, measured mean exposures in a number of occupational groups are assigned to all workers having similar tasks or jobs, while information on outcomes is available from each individual worker in the total study population. Such group-based approaches have been proposed for and are often used in exposure-outcomes studies on chemical agents (Houba et al., 1997) , and they have even been applied in musculoskeletal epidemiology (Hoogendoorn et al., 2000; Jansen and Burdorf, 2003; Svendsen et al., 2004) . In spite of this, the effects on exposure-outcome bias and study power of using different alternatives for groupbased exposure estimation is not well understood.
Interpretation of results
Our study suggests that the probability of finding significant exposure-outcome associations depends more on the total number of workers included in each occupational group than on the number of workers for whom exposure is actually observed. In our setting, comprising 19 groups intended to be representative for the general working population, studies including at least 30 workers in each group with group exposure estimates being based on at least 5 observed workers were sufficient to secure a reasonable power and an almost unbiased estimate of the OR. However, the exact numbers of subjects to obtain a certain statistical performance in terms of OR and statistical power differed between the three investigated exposures (Figs 3  and 4) . Our results could have important implications for future epidemiological studies, since they suggest that a research budget could be more efficiently used by collecting outcome data from 'many' subjects than by spending extensive efforts on exposure observations, which are often expensive (Trask et al., 2012) . As an illustration, reading from Fig. 4 , for the exposure variable 'number of lifts', a statistical power of 0.80 at P < 0.01 can be reached both by a study design comprising 30 workers with outcome data per group but only two providing exposure data, and by a study including 20 workers with outcome data per group and 20 being observed for exposures. Thus, the 'large' study requires outcome data to be collected from 570 workers, but exposure only from 38, while the 'small' study is based on outcome data from only 380 workers, but exposure data from all 380. Even if the budgets of these two alternatives depend on the unit cost of obtaining exposure and outcome information, it seems likely that the study with 30 workers per group is cheaper to conduct. Notably, though, while these two sampling strategies have comparable abilities to detect a significant association between exposure and LBP, the former will result in a more biased OR (Fig. 3) as discussed further below.
Standard equations for calculating the power of a study design show that the probability of obtaining 
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statistically significant results increases with sample size and decreases with increasing exposure variability (Mathiassen et al., 2002; Mathiassen et al., 2003; Twisk, 2003) . Quality guidelines based on these basic statistical facts have been suggested for observational cohort studies of exposure-outcome associations (Vlaanderen et al., 2008) . The present study confirms this general effect of more data improving power in a more complex study design than those usually addressed in epidemiologic literature, and illustrates it by quantitative empirical data. More notably, our study adds the novel and important observation that the number, k, of measured workers providing the group-based exposure estimates does have an effect on power, but that this effect is weaker than that of changing the number of workers from whom outcome data are available, n (Fig. 4) .
The decrease in average ORs with smaller numbers of k, i.e. a bias of the OR toward 1, is probably a result of increased uncertainty in the estimate of group exposures, since the OR was only weakly influenced by the overall number of workers, n, in each group. Our empirical results (Fig. 3) confirm previous theoretical studies showing that the exposure-outcome relationship can, indeed, be biased when a group-based exposure assessment strategy is used in logistic regression (; Reeves et al., 1998; Kim et al., 2011) . Furthermore, it emphasizes that the general notion of group-based assessment being an effective measure to eliminate the attenuation associated with using individual-based strategies (Reeves et al., 1998; Tielemans et al., 1998) may be valid when linear regression is used to model the exposure-outcome relationship, but less so for logistic regression models. The study by Kim et al. (2011) predicts that small group-based studies with large exposure variability within groups and small variability between groups will be particularly prone to show bias. Our results showed that the bias in OR was not very large when exposure was measured on more than five workers per group, and we did not see any obvious difference in the magnitude of bias between the three exposure variables even though one of them (time in rotated trunk posture) exhibited a much smaller exposure contrast between groups than the other two.
Our results confirmed the trivial conclusion reported by many studies that a more precise group mean exposure estimate will be obtained when data are collected from more workers (Allread et al., 2000; Hoozemans et al., 2001; Mathiassen et al., 2005) , up to the point where adding more workers will lead to very marginal improvements of precision, and therefore even marginal increases in study power. Our study adds to these well-known effects of increased sample sizes by showing a 'saturation' effect of increasing exposure sample sizes even for bias in OR estimates (Fig. 3) .
Similarly, the outcome estimate (in casu, LBP prevalence) will get more precise when more workers are included in a study, reaching a satisfying precision at a particular number of workers, beyond which further investments may not be justified. Notably, though, LBP shows a high prevalence (i.e. in our population a 44% LBP prevalence in 3 years of follow-up) compared to many other outcomes in occupational studies. While we do not have reasons to believe that the general structure of the relationship between number of workers and precision of the outcome estimate will depend on the true prevalence of that outcome, we would expect that fewer workers are needed to obtain a satisfying precision if the prevalence is small, given that the occurrence of disorders in a population follows a binomial distribution. Figure 4 Statistical power, i.e. the probability of obtaining a significant OR for the association between exposure and outcome, for all 21 investigated combinations of n (different lines in each panel) and k (x-axis). Upper and lower panels: significance levels P < 0.05 and P < 0.01, respectively. Probabilities of obtaining a significant OR are shown for the exposure variables: number of lifts (left panels), time with the trunk flexed posture (middle panels), and time with a rotated trunk (right panels).
Methodological considerations
One limitation of the present study is that the video recordings of each particular worker in the exposure measurement population were collected during one single day, if at four randomly chosen occasions. Distributing these four recordings across more days would likely have resulted in more certain individual exposure estimates, given that exposure probably varied between days (Liv et al., 2011; Kwon et al., 2011; Trask et al., 2012) . Thus, collecting exposure data over multiple days per worker instead of only one could have led to slightly different results in our study. Since the parent dataset did not allow determination of between-days exposure variability, we cannot assess this effect in quantitative terms. However, we find it reasonable to claim that the conclusions of our study concerning the generic effects of increasing the sizes of observed and nonobserved study populations would be valid even for data collections distributed across multiple days per worker.
The parent study experienced a substantial loss of participants during the 3-year follow-up period: 1802 workers entered the study at baseline, but only 1131 (63%) were still present at follow-up, and thus available for the present parent dataset. This loss to followup could, in theory, have led to selection or attrition bias. However, descriptive statistics (Table 1) showed that the workers in the parent dataset did not differ to any notable extent from the eligible population in terms of gender, age, working hours a week, and percentage of workers with LBP at baseline.
An additional limitation is that our a-priori expert classification of jobs into occupational groups may not have been optimal. The grouping scheme may influence the outcomes of a study (van Tongeren et al., 1997; Symanski et al., 2006) , for instance in terms of effectiveness in reducing attenuation of an exposure-outcome relationship (Werner and Attfield, 2000) . In the present study, jobs were carefully allocated a priori to occupational groups on basis of their estimated exposure profiles by the same experienced ergonomists who also collected the video recordings. According to the exposure contrast values, classification was reasonably successful for the variables number of lifts and time in flexed postures, while it was less successful for rotated trunk postures. Thus, the basic purpose of a grouping scheme, i.e. to effectively partition the overall between-subjects exposure variance to occur between groups rather than within groups, was only obtained to some extent, as also illustrated by the substantial between-subject exposure variability in some of the occupational groups (Table 1) . Our parent data did, however, not allow for any attempts to group workers according to alternative principles based on occupation ( Jansen and Burdorf, 2003; Svendsen et al., 2005) , task Tak et al., 2011) , expected exposure (Hoogendoorn et al., 2000; Ariëns et al., 2001) , or even hybrids combining individual exposure information with a classification by group (Seixas and Sheppard, 1996) . In extension, we could not examine whether any alternative classification would result in more distinct associations than those found in the present study between the investigated exposures and LBP, and in different numerical effects of changing the sizes of the populations with exposure and outcome data. We do, on the other hand, believe that study size and number of observed workers will, indeed, influence bias and power even in group-based studies on other populations and using different grouping schemes than the one used in our study, if with different numerical results.
The present study addressed three exposure variables, i.e. lifting, trunk flexion, and trunk rotation. In our parent dataset, these three exposure variables correlated only weakly. Therefore, it was justified to assess the effect of these three exposures on LBP independently of each other. While we cannot explicitly extend our results to other exposures, let alone other outcomes, we do claim that the consistency of our results across three weakly correlated exposures suggests that the generic effects of sample sizes on ORs and power may hold a fair external validity. We are further supported in this conviction by noting that our results were consistent across these three exposures even though they differ substantially in both absolute and relative sizes of within-and between-subjects variability (Table 1) .
A final limitation is that, in the current bootstrapping procedure, samples of workers were drawn with replacement from each group. Therefore, it was possible to 'oversample' workers (i.e. obtaining a virtual sample of workers that was larger than the number of unique workers available in the group). Oversampling by >100% (i.e. sampling at least twice as many workers as available in the parent data) occurred in 4 out of 19 groups when selecting k = 20 workers for the exposure estimates, while it did not occur for values of k between 1 and 15, and not in any case of sampling the n workers providing LBP data. We have not been able to identify any discussions in the bootstrapping literature on the acceptability and limits of oversampling, let alone its possible effects on the resulting data structure. However, it is reasonable to assume that effects of oversampling are more prominent if the parent dataset is small and/or irregularly distributed. We restricted our parent dataset to groups represented by at least 8 observed workers and 21 workers in total (Table 1) to get a fair representation of workers in the group, and thus, among other benefits, reduce the possible effect of oversampling. Since results from the sampling strategies containing oversampled exposure data are in line with results from strategies where no oversampling occurred (Fig. 4) , we do not expect serious effects of oversampling in our study.
Conclusion
The statistical power of an exposure-outcome study design using group-based exposure estimation in logistic regression depended more on the total number of workers included in the study (with personalized outcome data) than on the size of the population from which exposure estimates were obtained. When, however, exposure was observed on very few workers, the OR of the exposure-outcome relationship was downward biased irrespective of the total population size. Our findings suggest that (costly) exposure observations are necessary only on few workers, provided that the overall size of the study population is sufficiently large and everybody is followed up with respect to outcome. These results may contribute to a more efficient use of resources in future epidemiological studies on exposure-outcome associations.
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